Addressing nonrevenue water, a major issue for water utilities, requires identification of strategic metering locations using calibrated hydraulic models of the water network. However, calibrated hydraulic models use both static and dynamic network data and are often prohibitively expensive. We present an approach to understand water network operations that uses only the static information of the network. Specifically, we analyze water networks using augmented centrality measures. We use readily available static information about network elements (e.g., diameters of pipes) rather than calibrated dynamic information (e.g., roughness coefficients of pipes, demands at nodes), and model each network element appropriately for analysis using customized centrality measures. Our approach identifies: 1) pipes carrying higher flows; 2) nodes with higher delivery heads; and 3) pipes with higher failure impact. Each of the above helps in determining strategic instrumentation locations. We validate our analysis by comparison with fully calibrated hydraulic models for three benchmark topologies. Our experimental evaluation shows that centrality analysis yields results which have a match of more than 85% with those obtained using calibrated hydraulic models on benchmark networks without significant over-provisioning. We also present results from a real-life case study where our approach matched 78% with locations picked by experts.
a pipe is an increasing function of the delivery head (i.e., effective water pressure at that point, explained later in Section IV). Further, the mechanical stress on network elements increases with the delivery head, thereby increasing the chances of a leak. Answering this question will allow utilities to identify and monitor those network elements where there is a higher probability for water loss.
3) Which pipes have higher failure impact? This question helps utilities to identify (non-trivially) critical pipes that are good candidates for pro-active health monitoring and maintenance. A well-calibrated hydraulic model accurately mimics the water network's operational behavior. Therefore, with such a model, the above questions can be trivially answered through appropriate simulations. Instead, we focus on what can be done in the absence of a hydraulic model and benchmark our results against the results obtained by a well-calibrated hydraulic model as a baseline. We also note here that not all locations returned by the above questions need to be metered. In other words, the above questions do not solve the meter placement problem directly. Nevertheless, utilities believe that answering these questions will allow them to prune the set of candidate meter placement locations to a smaller, manageable cardinality which can be further refined through human intelligence to arrive at the final set of metering locations. A naïve approach: At first glance, it may appear that the above questions can be answered with simple approaches. For instance, 1 pipes with larger diameters may be expected to carry bigger flows than pipes with smaller diameters. This intuition could be used to rank the pipes as per their flow values by adopting the diameter as the proxy. Figure. 1 shows sample results from a benchmark topology. The X-axis shows the rank, say r. The Y-axis shows the percentage match between (i) the set of the first r pipes ranked according to their diameter and (ii) the set of first r pipes ranked according to the flow they carry. If several pipes have the same diameter, we rank them randomly (and obtain a statistically averaged match
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percentage). As we can see, the match is poor, especially for important ranks (i.e., lower numerical value of rank). The reason for this behavior is the effective flow through a link is a function of both its individual carrying capacity (as characterized by its diameter, length, roughness, etc.) and the global effects of the entire network's operation. Therefore, we need to capture the network-wide interactions between the individual elements. Our approach: Note that the solutions to the above questions involve a relative ordering among the various network elements as per some performance metric. Therefore, it would suffice if one could design a proxy metric for the actual performance metric such that the relative ordering among the network elements in terms of the proxy is the same as the ordering achieved using the actual performance metric. The absolute error between the proxy and the actual metrics of a network element may not be important.
Centrality analyses are often employed to rank different nodes and edges in a graph while considering network-wide effects. Such analyses typically use the network's topological structure alone as inputs. While topological information is no doubt useful, it does not give the complete picture because it does not use any information about the physical properties (e.g, all pipes are equivalent links in the underlying graph). Therefore, we customize the well-known centrality metrics using the available static set of parameters to answer the questions posed. In the process, we associate semantics in terms of physically observable phenomena to a topologically based analysis. Basically, we augment the adjacency matrix representation of the water network using a suitable physicallybased weight for each pipe. Once this matrix has been formed, we calculate centrality metrics and use the resulting metric directly or transform it suitably to rank the pipes or nodes as per the question that we seek to answer. Contributions: Centrality measures are commonly used in social networks to identify the central nodes in a social connectivity graph [4] , [8] . Most recently, they have also been used to study the topology of utility networks such as electrical grids [13] , [22] and water networks [26] . However, most of these works analyze the connectivity information alone. Further, they do not customize the centrality metrics using the available physical information to answer specific questions about network operations. Specific contributions of our work include:
• We show that easily available physical attributes of water network elements combined with global network analysis can be used to answer important questions on network operations.
• We show how to customize centrality analyses to answer the problem at hand, thereby associating semantics to centrality metrics in terms of physically observable phenomena.
• We carry out a systematic performance evaluation of our approach on benchmark networks by comparing our answers against those obtained using accurately calibrated hydraulic models. Our results show that on certain networks, customized centrality metrics derived from topology yield results which have a match of more than 85% with those obtained using hydraulic models.
• We also apply our centrality analyses on a real-world water network in need of instrumentation. We identify the high flow links in the network and compare it with the links recommended by a panel of experts for placing flow meters. The experts sampled the flow rates at various links and based on this measurement, identified a set of links for placing flow meters. The set identified through our analysis had an overall match of 78% with respect to the expert picks and a 100% match for the top five links. This work is in the spirit of efforts undertaken in other infrastructure domains [3] , [15] , although such efforts assume access to time-varying information about the underlying infrastructure (e.g., average nodal demands, roughness co-efficient). We believe that our methodology is generic enough to be applied for any resource-flow infrastructure domain, especially when enough information is not available to leverage other existing efforts.
The rest of the paper is organized as follows. We give a brief description of a water network and the physical laws that govern water flow in Section II. In Section III, we introduce the various centrality metrics that we use in our study. We provide an overview of our solution strategy in Section IV. We explain the results of our centrality measure based answers for various questions in Section V. We discuss results from a Pilot case study in Section VI and related work in Section VII. We conclude in Section VIII.
II. WATER DISTRIBUTION NETWORKS
Water networks distribute the water stored in reservoirs through pipes (or links) to various geographical areas in a municipality. One or more tanks function as intermediate buffers within the network. Pumps boost the 'head' of water to either push water uphill or increase the delivery pressure of water at end points. Valves typically serve to regulate the water pressure at network nodes and to open/close pipes for water flow. Junctions or nodes are points in the network where different pipes meet. They also represent end consumers and hence can have demands. The demands typically vary with the time of day. For a given demand pattern, the flow values along various pipes in the network is decided by the underlying topology and Physical laws. Therefore, the flow may not be completely controllable as in the case of communication networks.
Typically, the demand values at all nodes in the network, the reservoirs' capacities and pressures, and the rating of all pumps in a water network are assumed to be known. The pressures at all nodes in the network and the flows through all the pipes in the network are to be determined from these inputs. Using the notation in Table 1 , the equations that relate the desired outputs with the inputs can be stated as follows [16] : VOLUME 2, NO. 2, JUNE 2014 TABLE 1. Notation frequently used in the paper.
• Flow equation: The total flow entering a node i is equal to the total flow leaving node i plus the demand d i of the node i. In other words,
where N i is the set of neighbours of the node i.
• Head equation: For any link e = (i, j) ∈ E, the change in the head along the link can be written as:
where µ e represents the pipes roughness coefficient.
A. CHALLENGES IN HYDRAULIC MODEL CALIBRATION
From Equations 1 and 2, it can be observed that apart from the inputs (which includes d i 's), the values of µ e 's should also be known to determine the pressures and flows across the network. The d i 's and µ e 's are empirically estimated during the process of hydraulic model calibration.
In most utility networks, even those in developed economies, not all customers are metered yet. Demands are accurately measured only at aggregate levels. Therefore, node-level demands (d i 's) may not be accurately known.
Further, as pipes age and corrode, the roughness of their internal surfaces changes which changes the amount of head loss along the pipes. The roughness of a pipe, quantified by the roughness co-efficient (µ e ), needs to be periodically estimated. These co-efficients can be estimated only when actual values of pressure and flows at various junctions and pipes are available. Finally, pump efficiencies affect the hydraulic model's accuracy. Aging pumps deviate significantly from manufacturer specifications.
Considerable effort is required in terms of field trials and parameter fitting to estimate the µ e s and pump efficiencies. For example, calibrating a network with few hundreds of nodes may take 40-60 days of effort by an expert team of 2-4 members [6] . Larger networks require even more effort. A utility may not have in-house expertise to do such calibration, thus requiring expensive external consultants. For a network serving a population of 1 million, hydraulic model maintenance over a five year period typically costs about $4, 000, 000 [2] . Though utilities can use approximate hydraulic models for their activities, the benefits of using inaccurate models are questionable [17] . Even these approximate models may not be available in in developing economies.
In our work, the aim of analyzing water networks through centrality metrics is to allow utilities exploit the readily available network information to make useful inferences about p i 's and f e 's, even in the absence of data on the µ e 's and d i 's.
III. CENTRALITY MEASURES
Let G = (V , E) be the water network represented as an undirected graph. Let A be the weighted adjacency matrix representation of this graph such that
where w ij and φ are weights assigned to those edges present and absent in the network respectively. The values of w ij and φ will be defined shortly. A centrality metric M is a function that assigns real values to either vertices or edges in G based on the adjacency matrix A, i.e., M : V , E → + .
A. STANDARD CENTRALITY MEASURES
The eigen-centrality M E of the vertices of G are given by the eigen-vector corresponding to the largest eigen-value of A. The closeness centrality M C ranks the vertices in terms of the average distance from a vertex to all the other nodes; the distance is measured in terms of edge-weights given by A. Finally, the betweenness centrality M B of a vertex v measures the fraction of the number of shortest paths between all other vertices that pass through v; again, the shortest path is defined in terms of the edge weights given by A. For any centrality metric that is defined for vertices, we can approximate the equivalent metric for an edge (u, v) as the average of the values of its vertices u and v.
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B. CURRENT-FLOW CENTRALITY (M F )
M C and M B quantify the importance of a node or an edge under the assumption that a resource flows only along the shortest path. However, in networks such as electrical grids and water networks, the resource flows along multiple paths. While the shortest path may carry a significant fraction of the overall resource flow, other paths also carry non-negligible flows. The Closeness and Betweenness measures defined earlier may not capture the importance of a node or an edge in such circumstances where multiple paths are used. Currentflow centrality overcomes this limitation [5] . Consider a unit current injected at node s ∈ V . Let a vertex t ∈ V act as the sink for this current. The unit current injected at s will split along the various incident edges, travel through various paths, before getting drained at t. At any edge e incident on a vertex x, the fraction of current passing from x through e equals g(e)/( e :v∈e g(e )), where g(e) is the admittance (explained in Section V-A) of link e. Current-flow centrality of a link quantifies the average amount of current that would pass through a link when all possible s, t pairs in the network are considered. Formally,
where I e (s, t) is the fraction of current flow from s to t passing through e. The current-flow centrality of a node is similarly defined.
1 Obtain static information about the network 2 Customize adjacency matrix 3 Compute centrality ''proxy'' metric 4 Rank edges/nodes according to proxy metric 5 Rank edges/nodes according to actual metric from accurate hydraulic model 6 Validate by comparing the ranked sets in terms of match and physical values
IV. SOLUTION OVERVIEW
The (static) inputs available are: (i) the connectivity information of the water network, (ii) details on assets such as length, diameter, and material of pipes, and (iii) locations of tanks, valves, and pumps. Given these, our solution and validation strategy is: 1) Customize: For each question, we customize the adjacency matrix A of the water distribution network as per the centrality measure M X being considered. 2) Compute metric and rank: We compute M X for each of the network element (nodes or edge). We use LANL's NetworkX package [14] for computing M X . Let U X (r) represent the set of the first r elements in the network in decreasing order of their M X score.
In certain instances, we rank the elements according to some F(M X ), where F : M X → + .
3) Validate:
Using the calibrated hydraulic model available for the network, we study the network behavior and find the actual ranking for each node or edge as per the question to be answered. We use EPANET [10] , a hydraulic simulator from the US EPA, to study the network behavior. Let U (r) represent the set of first r nodes or edges in increasing or decreasing order of the actual rank according to the hydraulic simulation. Then for a given rank r, the performance γ X (r) of the centrality measure M X in ranking the network elements as per the desired metric is then defined as:
The performance metric γ X (r) is basically the percentage match between the network elements identified using the estimated and actual ranks for the first r ranks.
We also compare the sets in terms of the physical metric values.
A. TOPOLOGIES CONSIDERED
We consider three benchmark topologies widely used in the civil engineering community to test the efficacy of using centrality measures to answer the questions. These are shown in Figure 2 . The third topology shown in Figure 2 (c) is from the ASCE Battle of Water Calibration Networks (BWCN). This network has a single reservoir, 7 storage tanks, 388 nodes, 429 links, 11 pumps, 3 pressure reducing valves and one throttle control valve. The network is divided into 5 District Metering Areas (DMAs), which is how many modern distribution networks are structured. 2 Each DMA has well defined water inlets and outlets. The nodes within a given DMA typically are decoupled from nodes in other DMAs in terms of their pressure/head profile.
When considered together, the above topologies exhibit variations along network characteristics such as single vs. multi-reservoir supply, presence vs. absence of storage tanks inside the network, skewed vs. uniform demands, and single vs. multiple DMAs. 
V. SOLUTION DETAILS
We now answer the following questions related to water network instrumentation: (i) Which pipes carry larger flows? (ii) Which nodes have higher delivery head? and (iii) Which pipes have higher failure impact? In the benchmark, as the demands vary with time, the actual rank sets would also change with time. In our study, we compare the estimated rank set against the rank set obtained using the time averages of the actual values.
A. WHICH PIPES CARRY LARGER FLOWS? 1) MATRIX CUSTOMIZATION
Equation 2 states that the drop in head across a pipe is proportional to the square of the flow. Thus the hydraulic resistance of a link (i.e., head drop divided by flow) is roughly proportional to the flow, and the admittance of the pipe is inversely proportional to the flow. The resistance is also proportional to the pipe length and inversely proportional to the fifth power of the diameter. Thus for a given head drop, links that have lower L e /R 5 e values are likely to carry higher flows. Therefore to estimate the ranks of different pipes as per their flow values, the adjacency matrix A elements w ij and φ is defined as below.
For centrality measures that rank network elements based on the shortest path, viz. closeness centrality and betweenness centrality, we set w ij = L e R 5 e and φ = ∞. This is because we want these measures to be higher for those links that are connected to others through paths with a smaller hydraulic resistance (and thus possibly carry higher flows).
In the case of the current-flow centrality M F , we need admittance and so set w ij = and φ = 0. In the case of eigen centrality, we want a node to be ranked higher if links with high flows (and hence high admittance) are incident on it. Therefore, we set w ij = R 5 e L e and φ = 0. Note that the values of R e and L e for each pipe are available readily to a utility and do not require any calibration efforts.
In the case of the standard definition of current flow betweenness, flow through all possible paths are considered. However, water enters the network only from a subset of the nodes (i.e., reservoirs and tanks). Therefore, such nodes alone are considered as sources in our customized analysis.
2) VALIDATION
Once the adjacency matrix is defined, the centrality measures are computed. Different rank sets are then obtained based on different centrality measures. Each of these estimated rank sets is then compared with the actual rank set obtained based on hydraulic simulation. The ability of different centrality measures to rank the pipes based on their flow values is shown in Figure 3 . The graphs indicate the γ X (r) values for increasing rank r for different measures M X . For each network considered, the maximum value of r was chosen to be 15% of the number of links in that network.
Of all centrality measures we considered, current flow M F results in higher γ values across all topologies for most ranks. This is because other measures do not capture the reality of water flowing through all available paths as current flow does. Intuitively, the flow along a link is a function of two things: (i) individual resistance of a link and (ii) global network phenomena which shape the flows. Current flow captures the effect of the network interactions by obtaining a (per-link) admittance based division of the input flow across all the edges of the network. Links which have a high current betweenness for different (source, destination) pairs can be thought of as carrying higher flows, or having the potential for that. The accuracy of M F 's ranking is about 55-75% for the Colorado Springs topology, 50-80% for the BWSN topology, and almost 80-100% for the BWCN topology. Given the lack of knowledge of nodal demands and the roughness co-efficients of the pipes, the accuracy obtained is reasonable.
The set U X (r) when ranked by the centrality metric X has false positives as well as false negatives when compared with the baseline U (r). To quantify if the false positives that were included were comparable to the false negatives that were excluded, we proceed as follows. For a given rank r, we compute the total flows of all elements in the sets given by the simulation and the centrality analysis. This gives a better picture of the effects of the mismatch between the EMERGING TOPICS IN COMPUTING two ranked sets in terms of physical metrics. Figure 4(a)-(c) show the results for various topologies. In BWCN, the flows represented by the two sets match almost identically in value. In the other two topologies, the sum of flows predicted by the centrality analysis are within a reasonable error of the empirically obtained sum of flows. This is in line with the percentage match in the actual sets.
3) INFORMATIONAL USEFULNESS OF HIGHER FLOWS
Each link that carries a high flow also is likely coupled with higher number of other nodes in the network. Such links can be thought of as being associated with more ''information'' in the sense that events at other parts of the network affect their flow value. Therefore, any measurement at a high flow link is likely to have higher information for purpose of analysis. To formally analyze the mutual information of links in a looped flow network is a hard problem. Therefore, we take a different approach to obtain some intuition behind the magnitude of flows in the network and the information conveyed by the flows in terms of entropy.
We proceed as follows. The benchmark topologies in the literature have deterministic time-varying demands. To this base demand, we add independent Gaussian noise for each of the demands. We repeat this process of generating demands with Gaussian noise 1000 times, and empirically obtain the distribution of flows in each of the links in the network over this sample space induced by the random demands. Then, for each link, we calculate the mean flow and the flow's entropy. The entropy for the flow through a link is given by 
B. WHICH NODES HAVE HIGHER DELIVERY HEAD?
The total head H i at a node i consists of the delivery head H d i (i.e., the sum of pressure p and dynamic head ρv 2 /2) and the component due to elevation h i ρg. We are interested in the ranking the nodes by the delivery head. The delivery head is important because this represents the ''active'' component of the energy in the water. The stress on the pipe walls and the rate of leakage depends on a node's active delivery head. We first compute a proxy total head at a node and subtract the h i ρg component to obtain the proxy delivery head. The h i ρg component can be calculated from the terrain information known to the utility.
1) MATRIX CUSTOMIZATION
In Section V-A, we had ranked different edges in terms of their flows by using the edge's centrality measure as a proxy for the actual flow. We use the same proxy flow values computed earlier to calculate the drop in the proxy head across a link. Therefore, the adjacency matrix elements w ij and φ remain as defined in Section V-A.
2) PROXY HEAD COMPUTATION
Along the lines of the actual head, we define the drop in proxy head across a link as the square of the proxy flow times the edge's resistance, i.e.,
. The drop in the proxy head is additive along a path. Given that all flows start from the reservoir initially, we trace the path with the smallest drop in the proxy head from the reservoir to each of the nodes. If there are multiple water sources, the head-loss from all these sources to a node need not be consistent (as the hydraulic constraints of flow conservation and energy conservation need not be met with our proxy flows and proxy heads). Therefore, for a given node, we compute its proxy head with respect to the various sources and compute the average. From this average, the proxy delivery head H d i is obtained. Mathematically, the above computation can be summarized as:
where S is the set of all reservoirs, P si is the path from reservoir s to i with the smallest proxy head drop, and K is a constant that normalizes the proxy head units to elevation head in meters (or feet). We determine the value of K as follows. Water utilities typically ensure that the delivery head at any node is at least greater than or equal to a minimum acceptable threshold value τ . In most cases, τ = 15m (i.e., enough head to support a water column of 15m). Let z be the node with the highest elevation in the network being analyzed. Then, H d z ≥ τ . This inequality helps us to determine K .
3) VALIDATION Figure 6 (a)-(c) show the performance of the proposed approach. As the current-flow centrality functions as the best proxy for the flow, it also works the best for proxy delivery head as expected. The dips in rank estimation seen in Figure 6 (a) and (b) can be explained as follows. Active elements such as booster pumps infuse energy into the water network. These elements alter the head profiles of the nodes. With respect to the reservoir, the head loss for a node under the influence of a booster pump can be significantly smaller from what would have been without the pump. Therefore, ranking solely based on the head loss along the path from the reservoir may not be accurate.
In Figure 6 (c), one can observe that the centrality measures show a poor match. This is because the network is divided into several District Metering Areas (DMAs). Each of the DMAs maintain a constant pressure at the entry to these zones through the use of pumps. The presence of pumps at each of the entry points affects the global ranking of nodes across the whole network. However, when we apply our centrality measure based ranking within a DMA rather than across all DMAs, we obtain much better results as shown in Figure 7 (a) and (b). This shows that DMAs in the network should be analyzed separately to draw any inference related to delivery heads.
Next, we compare the average delivery head in the ranked sets for the two methods. As mentioned before in Section V-A, we consider the average to see if the false positives included are comparable to the false negatives excluded from the baseline set used for comparing the percentage match. As can be seen in Figure 8(a)-(c) , the average head across the top-ranked sets in the two methods are very close except for the BWCN topology, where the presence of DMAs affects the analysis. The results for the DMAs are shown in Figure 9 (a) and (b).
C. WHICH PIPES HAVE HIGHER FAILURE IMPACT?
Pipe bursts are a common maintenance problem for utilities. A utility typically has to triage a limited budget for pro-active maintenance of pipelines. Therefore there is need to have a priority order among pipes. A pipe's relative importance is a function of two factors: (i) likelihood of the pipe's failure; and (ii) the impact of the pipe's failure. Of these two, we focus on the latter. The impact of a link's failure can be quantified by the increase in the energy required to satisfy the same demand. The energy requirement increases because flow through the failed pipe gets re-routed through the alternate paths which are typically longer resulting in increased pressure drops. If the end points have to be maintained at the same pressure as before, more energy has to be infused into the network. We quantitatively define the impact of a link failure as i (d i × H i ) over all nodes i, where H i is the decrease in head at node i and d i is the demand. Note that we exclude trivially critical pipes from our ranking -these are (cut-edge) pipes whose removal disconnects certain nodes or tanks from the network. Such links can be discovered through graph-connectivity analysis in a relatively straight-forward manner [26] . VOLUME 2, NO. 2, JUNE 2014
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As demands are unknown, we assume them to be uniform throughout the network. So we need to rank the pipes based on the H they induce at all network nodes when they fail. So, links should be compared across DMAs. Centrality measures typically capture information about the current state of the system. However, what we want is the total head loss after the failure has happened, i.e., re-routing of flows and associated head drop in the network after a single link goes down. We use alternate path centrality (APC) [18] to handle this. APC for a link e with respect to some measure X is defined as:
The APC concept is used to estimate the change in proxyhead across all nodes caused by the absence of a link e. Based on this quantum of change, the links are ranked. As discussed in Section V-B, the proxy head H i at a node is determined through M F .
2) VALIDATION Figure 10 shows the results of estimating the ranks of different pipes as per their failure impact. While APC based ranking performs well for BWCN and Colorado Springs topologies, it behaves poorly for the BWSN topology. This is because the BWSN topology has skewed demands (i.e., they are not relatively uniform across all the demand nodes). However, since we have no way of estimating demands d i in the network in the uncalibrated approach, we give equal weightage to all demand points in the network while calculating the APC ranking. Therefore, the accuracy may be affected if the variation in d i terms is significant in d i H i . We omit graphs showing physical metrics due to lack of space. 
D. SUMMARY
The performance of the best performing centrality measures for each of the three questions across the three benchmark topologies is summarized in Table 2 . Across these topologies, the performance is highest in BWCN and lowest in BWSN.
As water network assets have a long life time, it is possible that they are over-provisioned with respect to the current demand -i.e., slack could be present in the capacity of elements such as pipes and pumps. If so, the ability to infer the flow pattern from network connectivity is likely to be less. Nodal demands would exert a greater influence on the flow pattern. However, if there is little or no slack in the capacity, the influence exerted by network connectivity is likely to be higher on the actual flow pattern. Therefore, a possible reason for the poor performance of centrality measures on the BWSN topology could be the slack present in the network.
To probe this hypothesis further, we considered the effect of increase in the demand across all nodes in all the three topologies through their hydraulic models. The effect is quantified by the total reduction in the pressure at the end-nodes. When the demand increases, a network with high slack is expected to show a smaller reduction in end point pressure. Figure 11 shows the results of our experiment. We see that the reduction in pressure with increasing demands is highest in the case of the BWCN topology and lowest in the case of the BWSN topology (almost negligible). Therefore, it is likely that the BWSN topology has more slack and is less constrained by the global network structure. Hence the centrality measures do not work well. However, if the slack reduces, the performance improves for the centrality measures. This is shown in Figure 12 where the percentage match with the baseline hydraulic model improves when the diameters of the pipes are reduced by 15%) (i.e., slack is reduced). 
1) EFFECT OF SKEWED DEMANDS
A typical utility network's operating conditions change (over long-term) with time either due to increasing demands in the existing network or due to addition of new areas to be served. Because the centrality measures track the network's structural resistance to additional flows, they are likely to be robust in their prediction accuracy. Indeed, the demands are significantly skewed in the BWCN and BWSN topologies already. For instance, the mean of the network demand is (24 litres/minute) and the standard deviation of this is (5.76 litres/minute) when considered across all nodes in the BWCN topology. The demands as a function of time and node ID are shown in Figure 13 for the BWCN topology. Because our approach works well in these topologies, it is likely to work in the face of skewness in the demands.
2) EFFICACY OF APPROXIMATE HYDRAULIC MODELS
As mentioned earlier, approximate hydraulic models may not always be helpful. For instance, the results obtained from a poorly calibrated hydraulic model of the Colorado Springs topology in comparison with the centrality based analysis are shown in Figure 14 (a). Centrality measures perform better than the poor model, while a better calibrated hydraulic model can perform better than our approach as shown in Figure 14(b) .
From the summary, we also find that current flow betweenness M F performs better than the other centrality measures in ranking pipe flows and nodal heads. This is because unlike other measures, M F mimics the actual flow to a good degree by capturing the fact that water flows along multiple paths in different proportions. We conjecture that M F 's performance can further be improved if the non-linearity in a pipe's admittance can be appropriately modeled.
VI. REAL-WORLD CASE STUDY
We applied centrality analyses described above to a realworld water and waste water distribution network in a semiurban area. This network serves a part of an industrial park in Southern India with a population of nearly 25000, distributed over a roofed area of 4.5 million square feet. The total network demand is roughly 900 kilo litres per day and the total length of the network pipes is approximately 28 KM. The pipes were of diameters ranging from 1 inch to 4 inches. As with any other rural/semi-urban water distribution network, the network density is not high. Due to confidentiality reasons, we are unable to provide the actual network topology.
The objective of the industrial park was to install flow meters at strategic locations. They did not have any estimate of individual nodal demands; neither did they have any calibrated hydraulic models. Through our centrality analysis, we identified the top ranked links in the network in terms of flow volume. A team of experts who had been commissioned independently studied the network operations from close quarters and as the entire pipe network was above the ground, took sample readings at various points through portable meters. We note that in most utilities, data samples from desired locations may not be possible since the assets will be underground. The experts picked nine locations for installing flow meters. We picked the top nine links from our analyses and seven out of the nine matched with those of the experts. The two locations that the centrality analyses missed were picked by the experts for reasons others than that of monitoring the flow volume. Specifically, these links were picked because the experts believed that water flowing through these links (of utility grade) could be replaced with water of a lower quality (recycled sewage). To make a business case for this, they required precise metering of these (small) flows. Efforts are on-going to install permanent telemetry enabled flow meters at the expert identified locations.
Note that in the real-world, even experts may be unable to obtain measurement samples from all network elements due to accessibility (many pipes are buried underground) or scalability (a typical utility would have hundreds of kilometers of pipelines) reasons. Therefore, for purpose of bootstrapping VOLUME 2, NO. 2, JUNE 2014 a metering infrastructure, our approach can serve as a very useful first-level filter of the network.
As mentioned earlier, typically municipal water distribution networks are organized as DMAs. The size of a DMA can vary anywhere from 50 properties to 6000 properties or more. When viewed in terms of the overall demand served, the size of the real world network in our case study becomes comparable to that of a municipal water network's DMA serving approximately 1500 residential properties. Therefore, this case study outcome indicates that our analysis can be satisfactorily applied to individual DMAs for identifying suitable meter placement locations within a DMA. Since DMAs are the basic building blocks for a city scale water distribution network, our analysis can fare well even for such large networks (as validated by our results on the BWCN benchmark topology). Encouraged by the case study outcome, we are now discussing with few water utilities in South East Asia to help them identify strategic locations for placing flow and pressure meters through our approach.
VII. RELATED WORK
Sensing in water utility networks: Recent research [19] , [20] have focused on designing a sensing network for water distribution networks at utility scale. Sensors placed at various locations in the water network transmit sensory data using which inferences about network operations are made. Our research complements these by giving insights on the strategic locations at which such sensors could be placed by leveraging minimal information about the underlying water network. There are also research works that identify strategic locations to place sensors in water networks [1] , [15] , [21] . However, unlike our work, these works assume that a calibrated hydraulic model of the network is available. Centrality analysis of networks: Centrality measures have been widely used to analyze social networks. They are often used to model information or commodity flow [4] , find influential actors [8] , and to study the spread of epidemics [12] . More recently, centrality measures have also been used to study the uncertainty in social networks among others [7] .
Centrality measures have also been used to study infrastructure networks too. Reference [13] analyzes the topological structures of power grids and shows that grid topologies are different from that of random graphs and small world networks. It also proposed an electrical centrality measure based on the impedance matrix and used this centrality measure to explain why a few number of highly connected bus failures can cause cascading effects in power grids which was refined in [22] . Reference [23] uses centrality analysis along with other tools to characterize the impact of hurricanes on the reliability of electrical grids.
To understand a telecommunication network's connectivity resilience in the event of a failure, [18] introduced the concept of alternative path centrality. This paper uses information about the network connectivity alone to characterize the resilience. Centrality metrics have been used in the visualization and characterization of city structures and road networks as well [9] . In the context of water networks, reference [26] analyzes the vulnerability of a water network to get disconnected based on the connectivity information. Centrality metrics have also been used to identify strategic sensor placement
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locations for detecting contamination in a water network [25] . Different nodes in the network are ranked based on their closeness and for computing receivability which is later used to select suitable sensor locations.
To the best of our knowledge, centrality measures have not been used to answer specific operational questions about infrastructure networks. Our work complements the existing body of knowledge by showing that through appropriate customization, centrality analysis can answer questions on instrumenting a water network. Specifically, we show how to customize commonly used centrality metrics to answer the problem at hand, thereby associating semantics to the metrics in terms of physically observable phenomena.
VIII. CONCLUSION
Water networks are critical infrastructure that can make the difference between sufficiency and scarcity of water supply. Metering is the first and significant step towards managing these networks well. Strategic locations for placing meters and sensors on water networks are determined through the help of calibrated hydraulic models. Developing and maintaining an accurate hydraulic model is expensive. Hence it is outside the reach of most utilities in developing economies. We presented a complementary approach in this work that analyzes the static network information to discover strategic locations for instrumenting the network. Specifically, we considered questions that rank edges and nodes of the network according to desired criteria. Our approach used centrality measures augmented with information about the physical attributes of the network elements. We validated our approach by comparison with a fully calibrated hydraulic model on benchmark topologies. Our evaluation showed that, on certain networks, centrality analysis can yield results which have a match of more than 85% with those obtained using fully calibrated hydraulic models. On a real-life case-study, our analysis resulted in a match of 78% with respect to expert recommendations. Presently, we are discussing with few water utilities to help them instrument their network through our analysis. Future work includes refinement of the approach when constraints are imposed on the physical properties, for instance, through data points obtained through actual measurements from the network.
